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Abstract: This study introduces an Al-driven approach to enhance radiation exposure monitoring for
radiographers, addressing the limitations of traditional personal dosimeters. These dosimeters provide
passive feedback, uncertain measurements, and lack real-time or predictive capabilities. To overcome
this, fuzzy logic and deep learning are integrated. Fuzzy logic categorizes continuous variables—such as
radiation dose, time spent, and distance from the source—into low, medium, and high-risk levels. Deep
learning is then used to predict radiation exposure and classify these risk categories. The model achieves
98% accuracy, closely matching traditional dosimeter results while significantly improving precision and
recall, outperforming the model with deep learning only. This makes radiation exposure classification
more reliable. By transforming continuous data into clear, interpretable risk categories, actionable safety
insights are provided to guide decision-making. Furthermore, this Al-based system shifts radiation dose
management from a reactive to a proactive approach, enabling real-time monitoring and reducing reliance
on dosimeters.
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Fuzzy Deep Learning (FDL).

1. INTRODUCTION

The healthcare industry is increasingly focused on optimizing
radiographer radiation exposure to ensure both patient safety
and the well-being of medical professionals. Traditionally,
the absorbed radiation dose experienced by radiographers is
measured using personal dosimeters. This approach has
drawbacks, including lengthy timelines, measurement
inaccuracies, subjective biases, and potential device failures
(Abugzaid et al., 2024; Eaton et al., 2011). Such challenges
can lead to gaps in data collection and may hinder the
effective monitoring of radiation exposure.

To address these issues, this study explores artificial
intelligence (AI) as a complementary tool for assessing
radiation exposure. Using demographic data, exam types, and
dose measurements, it classifies cumulative radiation doses
into low, medium, and high categories.

In this paper, a hybrid approach was proposed that integrates
fuzzy logic and deep learning to significantly improve
radiation exposure classification (Abdalla et al., 2024). Fuzzy
logic was used to discretize continuous variables like average
radiation dose, exposure duration, and distance into
interpretable risk categories (low, medium, and high). This
preprocessing step transformed raw data into a format more
suitable for the deep learning model, enhancing its input
quality. The categorized data served as a robust foundation
for the neural network, enabling it to effectively learn and
capture complex patterns within the dataset.

The deep learning model, trained on the fuzzy-processed
data, achieved exceptional results, including an accuracy of
98%,

surpassing traditional methods. Recall scores improved
across all dose categories, addressing challenges in
distinguishing high radiation exposures. The integration of
fuzzy logic not only enhanced the interpretability of the
inputs but also strengthened the model’s performance by
effectively handling continuous and uncertain data. This
combination demonstrated its ability to classify radiation
exposure levels more effectively, offering a robust, reliable
solution for proactive radiation safety management.

The findings underscore the effectiveness of fuzzy-based
deep learning in predicting cumulative radiation doses among
radiographers. By integrating Al into the assessment process,
a more robust solution is aimed to be provided that addresses
the limitations of traditional dosimetry methods. The
subsequent  sections will detail the methodology,
experiments, results, and implications of the findings,
offering valuable insights into the role of Al in managing
radiation exposure in radiography.

The remainder of this paper is organized as follows: Section
2 presents a comprehensive literature review of existing
approaches to radiographer radiation monitoring and the role
of Al in healthcare. Section 3 details the methods used in this
study, including data preprocessing, feature selection, and the
development of both logistic regression and deep learning
models. Section 4 describes the experimental setup, reports
the results, and provides an in-depth discussion of model
performance across dose categories. Finally, Section 5
concludes the paper, summarizing key findings and offering
perspectives on future advancements in Al-driven radiation
exposure management.
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2. RELATED WORK
2.1 Al in general healthcare

The integration of artificial intelligence (Al) in healthcare has
garnered significant attention in recent years, particularly in
enhancing patient safety and optimizing operational
workflows (Sadeghi et al., 2024; Athota et al., 2020). AI’s
capability to analyze vast datasets and identify complex
patterns presents transformative opportunities for improving
clinical decision-making, diagnostic accuracy, and overall
patient care (Jiang et al., 2017; Sukanya et al., 2022).

Numerous studies underscore the efficacy of Al across
various healthcare applications. For example, machine
learning algorithms have been employed to predict patient
outcomes, streamline diagnostic processes, and personalize
treatment plans (Noorbakhsh-Sabet et al., 2019; De Fauw et
al., 2018).

In radiology specifically, AI technologies, such as
convolutional neural networks (CNNs), have demonstrated
remarkable success in analyzing medical images (Esteva et
al., 2017; Gulshan et al., 2016). These advanced algorithms
assist radiologists in detecting anomalies, thereby reducing
diagnostic errors and improving patient outcomes. Indeed,
one approach to predicting dose distributions is to use
convolutional neural networks (CNNs) that receive a 2D or
3D input in the form of planning computed tomography (CT)
with organ-at-risk or planning target volume masks and
produce a voxel-level dose distribution as its output (Rani et
al., 2023; Dong et al., 2024).

2.2 Al in radiation safety

In the context of radiation safety, Al has the potential to
revolutionize the monitoring and management of
occupational exposure (Bang et al., 2020; Fiagbedzi et al.,
2022). Traditional methods, which rely on personal
dosimeters, often provide retrospective data and are limited
by their inability to offer real-time insights (Gulec and
McGoron, 2022). While conventional equipment is essential
for measuring radiation exposure, it can result in gaps in
safety monitoring due to delays in data collection and the risk
of equipment failure.

Mentzel et al. have developed a model that can accurately
predict the date of exposure from thermoluminescence
dosimeter data (Jhanwar et al., 2022). Furthermore, deep
learning can also be used to analyze radiation exposure data
to identify trends and patterns (Mentzel et al., 2021).

By analyzing radiation exposure data, radiation protection
officers can identify areas where radiation exposure can be
reduced, and take steps to improve patient and staff safety.

Deep learning has the potential to revolutionize the field of
radiation therapy by improving the accuracy of dose
monitoring and prediction, and enabling the analysis of
radiation exposure data (Chang et al., 2014).

2.3 Al-based fuzzy logic in dose management

The integration of fuzzy logic with Al techniques has shown
potential in improving efficiency and accuracy in radiation
dose management. In (Chimatapu et al. 2020), the authors

proposed hybrid deep learning type-2 fuzzy logic system that
enhance interpretability and transparency in decision-making,
which is crucial for regulated applications like radiation
safety.

The use of a neural network prediction algorithm combined
with particle swarm optimization, as well as fuzzy logic is
investigated in (Jiang et al. 2019). The paper discusses the
application of artificial intelligence and fuzzy optimization in
determining irradiation doses, specifically for pathogen-free
ruminant feed.

This study contributes to the field of radiation dose
management by focusing specifically on radiographer safety,
distinguishing it from prior works that address broader
applications such as patient treatment optimization or feed
irradiation. While existing approaches (e.g., Chimatapu et al.,
2020; Jiang et al., 2019) employ hybrid deep learning with
type-2 fuzzy logic or swarm optimization for dose prediction
in clinical or agricultural settings, our work introduces a
dedicated framework for predicting and monitoring
radiographers' occupational radiation exposure. By
integrating fuzzy preprocessing with deep learning, our
model enhances both accuracy and interpretability in real-
time exposure tracking—a critical need in radiology
departments. This approach not only advances radiographer
safety through proactive risk assessment but also streamlines
compliance with occupational safety standards, ultimately
fostering a safer and more efficient workflow in medical
imaging environments.

3. METHODOLOGY

This study employed a hybrid research design combining
fuzzy logic and deep learning methodologies to predict
radiation risk levels accurately (See Fig. 1). The objective
was to address the complexity and inherent uncertainty in
radiation exposure data by leveraging the interpretability of
fuzzy logic and the predictive power of deep learning.

The approach involved preprocessing raw radiation data,
applying fuzzy logic for risk categorization, and training a
neural network to classify exposure levels. This hybrid model
was designed to enhance both the interpretability of
predictions and their overall accuracy, making it particularly
suitable for healthcare applications.
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Fig. 1. Proposed approach flowchart.
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3.1 Dataset description

The dataset employed in this study contains radiation
exposure data from 1000 radiographic procedures, collected
from multiple hospital departments over a period of six
months. It includes 15 features related to radiographer
behavior and environmental conditions such as Radiographer
ID, Exam Type (X-ray, CT), Average Dose (mGy), Time
Spent (minutes), Distance from Source (m), Protective
Equipment Used, and Experience (years). Data was gathered
through electronic medical record systems and radiology
logs, ensuring both accuracy and diversity in sample
distribution. The goal is to support predictive modeling of
radiation dose exposure and identify key contributing factors
to occupational exposure risks. This dataset is ideal for
research in radiological safety, healthcare analytics, and
machine learning applications in medical imaging. The Key
features are summarized in Table 1, and the dataset and codes
are available at https://github.com/laounimah/Datasets.

Table 1. Features of Radiographer Radiation Exposure

Data.
Feature Description
Radiographer ID Unique ID for each radiographer
Date Exam date
Number of Exams Total exams performed
Type of Exam Category (X-ray, CT)
Average Dose (mGy) Avg. radiation dose per exam

Time Spent (minutes) Duration per exam

Distance from Source Distance from radiation source

Table 2. Features and Transformations.

Transformation
Fuzzy (Short, Medium, Long)
Fuzzy (Near, Moderate, Far)
Fuzzy (Levels 0-1)
Fuzzy (Low, Medium, High)

Feature
Time Spent (minutes)
Distance from Source (m)
Average Dose (mGy)
Cumulative Dose (mGy)

Fuzzy Logic-Based Categorization.

To manage uncertainty in continuous data, fuzzy logic was
employed by applying membership functions tailored to each
feature based on clinical thresholds (Birou et al., 2010; Al-
gizi et al.,, 2017). For the Cumulative Dose (mGy), three
categories were defined: Low, Medium and High. For Time
Spent (minutes), the categories were Short (trapezoidal
function for less than 10 minutes), Medium (triangular
function centered at 15 minutes), and Long (trapezoidal
function for more than 30 minutes). Finally, for Distance
from Source (m), the categories were Near (trapezoidal
function for less than 1 m), Moderate (triangular function
centered at 2 m), and Far (trapezoidal function for greater
than 3 m). This approach effectively models the uncertainty
associated with these continuous variables, enabling more
flexible decision-making in clinical settings. Fuzzy
membership scores were generated for ecach category,
providing an interpretable basis for risk classification. The
visualization is shown below (See Fig.2, 3, and 4).
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3.2 Fuzzy Preprocessing

Data preprocessing was an essential step to ensure the
dataset’s compatibility with the model and to enhance its
overall performance (Timcenko and Gajin, 2021). Initially,
missing values were addressed using median imputation,
which effectively filled gaps in the data while minimizing
potential biases. Continuous variables were normalized to a
[0,1] range to ensure uniformity and improve the model’s
efficiency during training. For categorical data, one-hot
encoding was applied to convert non-numeric variables into a
format compatible with the neural network. Additionally,
fuzzy logic was employed to enhance interpretability by
transforming continuous features into linguistic categories,
such as "low," "medium," and "high," enabling a more
nuanced representation of data and addressing inherent
uncertainties. Table 2 summarizes the transformations
applied to each feature:

Spent Time(minutes)

Fig. 2. Memberships functions for Time spent categorization.
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Fig. 3. Memberships functions for Distance categorization.
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The original numerical features, Distance and Time, are
replaced with the corresponding membership degrees of their
fuzzy sets. These fuzzy sets, represented by linguistic
variables like "Near," "Medium," and "Far" for distance, and
"Short," "Medium," and "High" for time, allow for a more
nuanced representation of uncertainty and imprecision in the
data. For instance; Spent Time is replaced with the features
Time Low, Time Medium and Time High).

Fuzzy inference system for average dose

There exists a correlation between datasets features where
average dose can be deduced from Time Spent and distance.

In the proposed approach, aiming to reduce uncertainties and
misleading measurements, a fuzzy inference system has been
designed to infer the average dose using experts' rules. The
fuzzy inference system scheme is depicted in Fig. 5.

Come
l Fuzzy Rules
Spent Time )—)

Fig. 5. Fuzzy inference system for average dose.

The inputs for this inference system, time and distance, were
characterized using fuzzy membership functions, as
illustrated. The output variable, average dose, was similarly
represented by a fuzzy membership function, as depicted in
Fig. 6.
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Fig. 6. Memberships functions for average dose(inference
system output).

The fuzzy rules are designed to establish relationships
between the input variables (Time Spent, and Distance from
Source), and the target category of Average Dose (Low,
Medium, High) based on expert knowledge and clinical
guidelines. The obtained rules are represented in Table 3.

The rules had been designed by the domain experts which are
the biomedicals and physicians who used to asses personal
dosimeter.

Table 3. Fuzzy rules for average dose inference.

Time
g Short | Medium | Long
g Near Medium | High High
2 | Moderate Low High | Medium
a Far Low Medium | Medium

3.3 Deep Learning Model Design

A neural network was designed to integrate the fuzzy logic
outputs and refine the model’s predictions (Salehi and
Mirzakuchaki, 2022). The architecture consisted of several
key components: the input layer, which received the fuzzy-
transformed features as inputs, ensuring that the data was in
an interpretable format.

The network included two hidden layers, each containing 64
neurons, and utilized the ReLU activation function to capture
and model non-linear patterns within the data, to avoid the
vanishing gradients and for computational efficiency. Finally,
the output layer featured a softmax function with three
neurons, each corresponding to one of the risk levels—Ilow,
medium, or high—allowing the model to classify radiation
exposure risks effectively. The model design and the
hyperparameter was done by trial-and-error policy starting
from lower values and increasing them progressively to avoid
overfitting and get better performances. This architecture
enabled the model to leverage both fuzzy logic and deep
learning, providing a robust and interpretable solution for risk
prediction. The model was compiled with the Adam
optimizer for adaptive learning and sparse categorical
crossentropy as the loss function. Other hyperparameters,
such as learning rate, batch size, and dropout rates, were
systematically adjusted through iterative validation to
optimize model accuracy and generalization. Table 4 outlines
the model architecture:

Table 4. Neural Network Architecture Details.

Layer Type # of Neurons Act.
Function
Input Layer Dense | 15 (input features) -
Hidden Layer 1 | Dense 64 ReLU
Hidden Layer 2 | Dense 64 ReLU
Output Layer Dense 3 Softmax

3.4 Training and Validation

To ensure robust evaluation, the dataset was split into
training and testing subsets, and to evaluate the performance
of the predictive model, several key metrics were employed.
First, the accuracy of the model was assessed to determine
the overall proportion of correct predictions made across all
classes. The confusion matrix was also used to provide a
more detailed view of the model’s performance by showing
the true positive, true negative, false positive, and false
negative predictions for each risk level (Low, Medium,
High). In addition, the classification report was generated,
offering a comprehensive evaluation of precision, recall, and
Fl-score for each class, which helped assess the model’s
ability to correctly classify each category (Sidaoui and
Sadouni, 2023; Altuncu et al., 2021). The ROC-AUC score
was computed to evaluate the model’s ability to distinguish
between the classes, where a higher score indicates better
discriminatory performance. The ROC curves could also
visualize the trade-offs between the true positive rate and
false positive rate for each class, providing further insight
into the model’s performance across different thresholds
(Bahaweres and Nuraini, 2024). These metrics were crucial
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for ensuring the robustness and reliability of the model’s
predictions.

3.5 Algorithm for Radiation Dose Classification Using Fuzzy
Logic and Deep Learning

The following algorithm outlines our approach for classifying
radiation doses using fuzzy logic in conjunction with deep
learning. It begins with preprocessing the dataset, where
fuzzy membership functions are applied to categorize the
radiation exposure into Low, Medium, and High doses. The
dataset is then split into training and testing sets, and a deep
learning model is trained to predict these categories. The new
approach incorporates fuzzy logic to handle continuous input
values for dose, time, and distance, providing a more flexible
classification system. The global approach is represented in
Algorithm 1.

functions for target

19 for each sample j in D1
Wi, 1r ... e =Fuzzify(D1[target, j])// get membership

20 . :

degrees for values j of feature i

21 Dl[target, j] =cat(max(ui, i1 ,... 1))/ category of the
max membership degree

22 end for

23 D2=DI-F

24 D2=encoding(D2)

25 Return D2

ALGORITHM 1: RADIATION DOSE CLASSIFICATION USING
Fuzzy LOGIC AND DEEP LEARNING

Input: Dataset

Output: Trained model

Initialization

Load the dataset.

Dataset =fuzzy preprocessing(dataset)//Algorithm 2
Split the dataset into training and testing sets: X_train,
X test, y train, y test.

Deep learning model setting

Train the model on the training data (X train, y_train).
Validate the model on the testing data ("X test’, 'y test’)
Make predictions on the test data ("X _test’).

Evaluate the obtained model with Fl-score

N W -

o S NN SN

The fuzzy preprocessing proposed in this paper is detailed in
Algorithm 2.

4. EXPERIMENT, RESULTS, AND DISCUSSION

In this experiment, the performance of a deep learning model
designed for classifying radiation exposure levels into three
categories: low, medium, and high doses was evaluated. The
dataset was preprocessed using fuzzy logic transformations,
taking into account continuous variables like radiation dose
and exposure time. The model was trained using 80% of the
dataset. Key parameters were carefully selected to optimize
the training process, as outlined in Table 5. A batch size of 32
was chosen to enhance the efficiency of gradient updates,
while 50 epochs were set to allow for sufficient training
without overfitting. Performance was monitored using a
validation set to assess the model’s progress after each epoch.
Regularization techniques, including dropout layers and early
stopping, were initially explored to mitigate the risk of
overfitting (Salehi and Mirzakuchaki, 2022). However, after
fine-tuning, dropout layers were excluded from the final
model due to the stability achieved during training, ensuring
optimal performance without unnecessary complexity.

Table 5. Key Training Parameters.

ALGORITHM 2: FUZZY PREPROCESSING

Input: DI: original dataset
Output: D2: preprocessed dataset

1 COL= features(D1)

2 NF=Numerical features// Time and Distance

3 F={} //preprocessed features

4 for each f;in NF

5 caty, cats.... cat, =Fuzzy(f;)// Define fuzzy membership
functions for f;
6 COL=COL+ {cat,, cat;.... cat, }//add cat,, cat;.... cat,
as new features

7 F=F+{fi}
8 for each sample j in D1
9 Wi, 12, o =Fuzzify( f)// get membership degrees

for values j of feature i

10 Dl[[caty, cats.... caty ], j]= [ w1, 1, ... w] //update
new added features values

11 end for

12 end for

13 caty, cats.... cat, =Fuzzy(AverageDose)// Define fuzzy
membership functions for AverageDose

14 for each sample jin D1

15 Ui, Wi ... tn =FuzzyRules(DI[Time, j], D1[Distance, j]

)/ Apply fuzzy rules
16 DI[AverageDose, j]=cat(max(ui, ii,... in))
17 end for

18 caty, cats.... cat, =Fuzzy(target)// fuzzy membership

Parameter Value Description
Batch Size 32 Optimizes gradient updates
Epochs 50 Prevents overfitting
Validation Set 20% Assesses performance during
training
Regularization | Dropout Mitigates overfitting

This approach ensured that the model was trained effectively
while avoiding overfitting, leading to robust and reliable
performance on the testing dataset

4.1 Confusion Matrix

The confusion matrix in Table 6 shows the classification
results for each radiation exposure category. It compares the
model's predictions against the true labels, demonstrating its
effectiveness in accurately classifying the majority of
instances across all three exposure categories, Low, Medium,
and High.

To further illustrate the model's performance, Fig. 7 presents
the model’s accuracy over the training epochs. As shown in
the figure, the model’s accuracy steadily improves during the
training phase, reaching a high level of accuracy by the end
of the training process. This indicates that the model is
effectively learning and generalizing from the data.

On the other hand, Fig. 8 depicts the model’s loss over the
same epochs. The plot shows a significant reduction in loss
during the early stages of training, followed by a stabilization
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phase (Ran and Cai, 2024; Rani et al., 2023). This suggests
that the model quickly adapts to the training data and
achieves a low loss, indicating a strong fit to the training set.
However, the small fluctuations observed in the test loss
towards the later epochs indicate that the model may
experience some minor overfitting, though its overall
performance remains robust.

Together, the confusion matrix and the figures provide a
comprehensive overview of the model's classification ability,

highlighting its accuracy, generalization capacity, and
stability across various training conditions.
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Fig. 7. Model Accuracy over Epochs.
Model Loss
o.s ——— Train Loss
— Tast LosSS
0.3 A
g
0.1
0.0
o 10 20 30 40 S50
Epoch
Fig. 8. Model Loss over Epochs.
Table 6. Confusion Matrix for Radiation Dose
Classification.
True / Predicted | Low (0) | Medium (1) | High (2)
Low (0) 19 0 0
Medium (1) 0 160 0
High (2) 2 3 16

4.2 Performance Metrics

The detailed metrics for model performance are as follows
(Table 7), which summarize the precision, recall, and F1-
score for each class of radiation exposure level (Low,
Medium, High). The model shows high precision and recall
values across the three classes, with the Low and Medium
categories achieving perfect recall of 1.00, which indicates
that the model correctly identified all instances in these
classes. However, the High category shows a decrease in
recall (0.76), suggesting that while the model's precision
remains high (1.00), it has a relatively lower capacity to
correctly identify all instances of high exposure.

These results show the model’s strong performance overall,
with an accuracy of 0.97 and macro and weighted averages
indicating consistently good results across all categories. The
high precision and F1-scores suggest that the model is quite
effective in minimizing both false positives and false
negatives, particularly for Low and Medium categories.

Table 7. Deep Learning Results.

Class Precision | Recall | F1-Score | Support
Low (0) 0.90 1.00 0.95 19
Medium (1) 0.98 1.00 0.99 160
High (2) 1.00 0.76 0.86 21
Accuracy 0.97 200
Macro Avg 0.96 0.92 0.94 200
Weighted Avg 0.98 0.97 0.97 200

Additionally, the ROC-AUC score achieved was 0.998,
demonstrating the model’s excellent ability to distinguish
between the three radiation exposure levels. This metric
further highlights the model's robustness in classification
tasks, as a high ROC-AUC score indicates a low false
positive rate and a high true positive rate across the different
classes.

The Precision, Recall, and F1-Score for each class are
visually summarized in Fig. 9, which provides a clear and
accessible representation of the model's performance across
the three classes. The bar chart in the figure compares the
scores for each class—Low, Medium, and High—showing
that while the model excels in the Low and Medium
categories, there is a noticeable dip in performance for the
High category, where recall is somewhat lower than
expected. This chart serves to illustrate the model's strengths
and weaknesses in a concise manner, making it easier to
interpret the metrics and understand the areas for potential
improvement.
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Fig. 9. Classification Metrics for each Class.
4.3. Model Performance and comparison

The results, as illustrated in Fig. 10, highlight the
performance gap between the Fuzzy Deep Learning (FDL)
and standard Deep Learning (DL) approaches for low-dose
classification. The DL model achieves a precision of 0.44,
recall of 0.79, and an Fl-score of 0.57. In contrast, the FDL
model significantly improves these metrics, achieving
precision, recall, and Fl-scores of 0.90, 1.00, and 0.95,
respectively. This improvement demonstrates the FDL
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approach's ability to minimize false positives and detect all
low-dose cases, leveraging fuzzy logic to handle overlapping
and ambiguous data points effectively.

As depicted in Fig. 11, for medium-dose classification, the
DL model performs relatively well, with precision of 0.95,
recall of 0.97, and an Fl-score of 0.96. However, the FDL
model surpasses these results with precision of 0.98, recall of
1.00, and an F1-score of 0.99. The integration of fuzzy logic
enhances the model’s ability to establish more precise
decision boundaries, reducing false negatives and ensuring
comprehensive detection of medium-dose cases. These
results emphasize the incremental benefit of adding fuzzy
logic to a deep learning framework.

Finally, Fig. 12 reveals the most substantial improvement in
high-dose classification. The DL model struggles with recall,
achieving only 0.76, resulting in an F1-score of 0.86 despite a
precision of 1.00. This indicates the DL model misclassifies
some high-dose cases as medium doses. Conversely, the FDL
model achieves perfect precision and recall of 1.00, with an
Fl-score of 0.95, effectively resolving this challenge. These
results underscore the FDL approach's ability to handle
uncertainty and improve classification accuracy across all
dose categories, demonstrating its value for real-world
applications in radiation monitoring.

. Recall

. Precision

F1-Score

DL Model

FDL Model

0.00 0.20 0.40 0.60 0.80 1.00

Fig. 10. Low Class Metrics for DL Model and Fuzzy DL
Model.
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Fig. 11. Medium Class Metrics for DL Model and Fuzzy DL
Model.
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Fig. 12. High Class Metrics for DL Model and Fuzzy DL
Model.

4.4 Discussion

The fuzzy deep learning (FDL) approach significantly
outperforms the standard deep learning (DL) model in
classifying radiation exposure levels, achieving perfect recall
(1.00) for both low and medium doses and a much higher
recall of 0.95 for high doses compared to the DL model’s
recall of 0.76 for high doses. This improvement highlights
the FDL model's superior ability to distinguish between
medium and high radiation doses, addressing a critical
limitation of the DL model. Additionally, the FDL model
excels in minimizing false positives, with precision values of
0.98 for medium doses and 1.00 for high doses. Its F1-scores
also reflect its robustness, with 0.99 for medium doses and
0.95 for high doses, reinforcing its reliability and
effectiveness across different exposure levels.

The integration of fuzzy logic in the FDL model is key to its
improved performance. Fuzzy logic allows the model to
better handle uncertainties and overlapping features in the
data, providing a nuanced understanding of the subtle
distinctions between radiation exposure levels. By
introducing degrees of membership, fuzzy logic enhances the
model's interpretability and flexibility, enabling it to classify
radiation doses more effectively than a standard DL model.
This is particularly valuable in real-world applications, where
understanding the reasoning behind classifications can lead to
more informed decisions regarding worker safety, radiation
therapy, and emergency response strategies.

When comparing the FDL model to traditional personnel
dosimeters, the advantages become evident. Personnel
dosimeters, which require physical placement on the body
and manual data collection, are prone to human error and are
time-consuming. Furthermore, the process of analyzing
radiation exposure manually introduces inconsistencies and
delays. In contrast, the FDL model can automate the
classification process, offering fast, real-time predictions with
minimal human intervention. This not only improves the
efficiency of radiation exposure monitoring but also makes it
scalable, enabling large-scale monitoring across different
settings, such as hospitals, industrial sites, or environmental
monitoring stations. The ability to assess radiation exposure
continuously and in real time could significantly improve
occupational safety and healthcare outcomes.
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Despite the FDL model's strong performance, there is still
potential for improvement. The high-dose recall of 0.95,
while impressive, suggests that there are still some subtle
distinctions between high and medium doses that the model
could better capture. Future work could focus on refining the
model’s architecture, such as exploring data augmentation
techniques, transfer learning, or more sophisticated feature
extraction methods. Moreover, incorporating environmental
variables—such as shielding effects, geographic factors, or
the type of radiation exposure—could further enhance the
model’s robustness and its ability to generalize across
different scenarios. Expanding the dataset to include more
diverse conditions and real-world scenarios will help ensure
that the model continues to perform effectively in varied
operational environments. The model can be generalized
across institutions by calibrating it with local data and
adapting input layers for different imaging modalities,
ensuring robust performance despite variations in equipment
and protocols.

5. CONCLUSION

In conclusion, this study highlights the critical need for
enhanced radiation dose monitoring in radiology, particularly
for radiographers. By incorporating Al-driven techniques, it
has been demonstrated that these methods can effectively
complement traditional physical instruments, such as
personal dosimeters, in predicting and monitoring cumulative
radiation exposure. The deep learning model achieved a
remarkable accuracy of 97% in classifying radiation doses,
illustrating the potential of Al to offer precise and real-time
monitoring capabilities. This approach enhances the
predictive accuracy of radiation exposure, offering a more
efficient tool to work alongside conventional measurement
devices, thereby reducing reliance on physical instruments
and optimizing radiation safety.

Future research will delve deeper into the potential of fuzzy
logic by categorizing additional relevant features, such as
patient size, to further enhance the model's predictive
capabilities. Furthermore, the integration of advanced Al
techniques, including ensemble learning and more complex
neural network architectures, is aimed at improving the
model's accuracy, robustness, and generalizability. By
expanding the scope to encompass diverse datasets, imaging
modalities, and patient demographics, the goal is to develop a
comprehensive and versatile Al solution that can seamlessly
complement existing physics-based tools. This will not only
strengthen radiation dose management but also contribute to
optimizing safety protocols, improving operational
efficiency, and supporting radiographers’ well-being.
Ultimately, this research paves the way for a more proactive,
data-driven approach to radiation dose monitoring, enhancing
both safety and quality of care in radiology departments.
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